Abstract. This paper assesses the impact of slice thickness on texture parameters. Experiments are performed on liver dynamic CT scans, with two slice thicknesses. Three acquisition moments are considered: without contrast, in arterial and in portal phase. In total, 155 texture parameters, extracted with 9 methods, are tested. Classification of normal and cirrhotic liver is performed using a boosting algorithm. Experiments reveal that slice thickness does not considerably influence the stability of the parameters. They also enable to assess the rate of parameter dependency on slice thickness. Finally, they show that applying different slice thicknesses for training and testing the CAD system requires slice thickness-independent parameters.
Introduction
Various medical imaging techniques are available for acquiring a diagnostic information, e.g., Computed Tomography (CT), Positron Emission Tomography (PET), ultrasound, Medical Resonance Imaging (MRI), Single Photon Emission Computed Tomography (SPECT). With their rapid development, the image quality has been significantly improved. The images acquired over the years are characterized by increasing spatial and grey level resolution, and decreasing slice thickness. The number of images obtained within a single examination increases. The appropriate interpretation of an image information is thus a very complex task, but decisive for a correct diagnosis and treatment proposal.
Due to the fact, that the men are not able to identify such huge amount of information stored in the images, the (semi)automatic Computer Aided Diagnosis (CAD) systems become of a rapidly growing interest. Combining different image analysis techniques (like texture analysis [1] or segmentation) and classification algorithms, they appear to be a very promising diagnostic tool.
In most of the CAD systems based on imaging data two main stages of work can be distinguished. The first one, called training, is a preparation of the system
Related Work
The effect of image acquisition protocols on CAD system performances has already been investigated in several studies.
In [2] the influence of slice thickness on CT-based texture parameters for cancellous calf bone was studied. Four different slice thicknesses were considered.
The work [3] analyzed the sensitivity of texture features of five different categories to variations in the number of acquisitions, repetition time, echo time, and sampling bandwidth at different spatial resolutions of T2-weighted MR images.
In [4] the effect of acquisition parameters, such as tube currents and voltages (10 different combinations), on texture was assessed on CT images of a cylindric phantom filled with water. Eight different texture parameters were analyzed.
The effect of slice thickness on brain MRI texture classification was studied in [5] . In the work, thick slices were simulated on the basis of thin ones.
The first three of the cited studies showed that changes in all analyzed acquisition parameters could influence the texture parameter values, and thus -the texture discrimination. Only in the last work, the two considered tissue classes were separable even if slice thicknesses differed between training and testing sets.
Texture-Based Classification of Hepatic Tissues

Two Stages of Work: Training and Aiding a Diagnosis
The system we develop for texture-based classification of multiphasic liver CT scans also works according to previously described two-stage model. Since typical CT exams of abdominal organs often consider three acquisition moments, which are related to the contrast product propagation in hepatic vessels, we proposed to analyze triplets of images [6] , [7] . The first of the three simultaneously analyzed images corresponds to acquisition without a contrast. The second and the third are taken after its injection, at arterial and portal phases of contrast propagation.
The main steps of system training are shown in Fig. 1 . First, a database of image triplets (preprocessed, if needed) is created. Then a Region of Interest (ROI) is drawn at the same position on each of the three corresponding images. Each ROI is characterized by the same vector of texture parameters. Three parameter vectors are thus created, each of them characterizes a texture at different acquisition moment. In the next step, parameters from those three vectors are concatenated, in order to make one "complex" parameter vector, describing a triplet of textures. The label representing a pathology is associated with each complex vector. At this moment, a set of labeled complex vectors could be subjected to a feature selection. Finally, it is used for the construction of the classifiers. Then the second stage of the system work can take place.
In order to recognize a new observation (see Fig. 2 ), a triplet of images is necessary. The three simultaneously analyzed images (in no contrast, arterial and portal phase) are subjected to the same preprocessing as it was in the training stage. Then three ROIs are drawn -one ROI on each of the three images. The triplet of ROIs is characterized in the same way as in the training stage. Finally, a complex vector of concatenated parameters (corresponding simultaneously to three acquisition moments) is classified. The tissue class that is attributed to this vector, is one of the classes considered in the training stage.
During the system design, many aspects must be investigated to ensure the best possible tissue recognition. One of them is the choice of the most relevant texture parameters. Such a choice must consider the variability of image acquisition settings that could result in different image properties, like those depending on slice thickness. Some ideas for adapting the system for working with images of different slice thicknesses are presented in the next part of our study.
Parameter Stability
The estimation of parameter stability could help to decide if the parameter is reliable for proper tissue characterization. Parameters sensitive to small changes in ROI size, or small ROI displacements, should be excluded from further analyses.
We adopt the approach considered in [8] in order to assess how the parameter changes over the different ROI locations or sizes. As a measure of its changeability, the classical coefficient of variation (CV, the ratio of the standard deviation to the mean) is used. Stable parameters are characterized by low CV values, and the more unstable is the parameter, the greater is its CV. In our work, the CV of each texture parameter will be calculated for different slice thicknesses.
We propose to apply the following approaches: Displace and Size Changing. In the Displace approach, the initial ROI dimensions are first slightly decreased, then the reduced ROI is displaced in order to take all the possible positions inside its initial boundaries. On the basis of each new ROI location, the value of a parameter is calculated. With the Size Changing approach, the initial ROI size is successively reduced, pixel by pixel, by moving each time one of the subsequent ROI vertices. For each of thus obtained ROIs a parameter value is calculated. In both cases, a set of several parameter values, obtained for different ROI locations (Displace) or sizes (Size Changing) serves to calculate a CV.
Effect of Slice Thickness on Classification Accuracy
In order to evaluate the effect of slice thickness on the classification accuracy, we propose to perform several experiments, each time considering a different combination of slice thicknesses for training of classifier and for its test. If the image of a particular slice thickness is included in a training set, its counterpart (of the same slice position in a patient's body) of another slice thickness should not be included in the test set.
Effect of Slice Thickness on Parameter Values
To access the parameter dependency of the slice thickness, we propose a similar approach that we apply for the assessment of the parameter stability. For a given parameter, its dependency on slice thickness will be measured by a "variation" between several parameter values measured by the classical coefficient of variation. These values will be obtained for the same ROI position on images of the same acquisition moment, but characterized by different slice thicknesses.
In order to validate the usefulness of the slice thickness-independent parameters, the experiments on images with different slice thicknesses (different for a training and for a testing stage) will be performed.
Experiments
Database Description
The images, from 29 patients, were gathered at the Department of Radiology of the Pontchaillou University Hospital in Rennes, France. They were acquired with LightSpeed16 device (GE Medical Systems). For each patient, three scan series were performed: without contrast, at arterial and at portal phase. The contrast material, of 100 ml, was injected at 4 ml/s, in an arm vein. The arterial phase acquisitions started about 20 seconds after the contrast product injection, the portal phase acquisitions started from 30 to 40 seconds later. For each of the three scan series, two "versions", corresponding to slice thicknesses of 5 mm and of 1.3 mm, were available. Each thick-slice image had its equivalent in thin-slice one, with the same slice position in the patient's body. All images had the size of 512×512 pixels. They were recorded in DICOM format, with 4096 gray levels. Since only the range of 248 gray levels sufficed for describing the pixels in the considered ROIs, the images were converted to a 8-bit BMP format.
The 303 pairs of images (of a thick slice and of a corresponding thin slice) were taken into account for each of the three acquisition moments. Two classes of liver tissue were represented: cirrhotic and healthy liver (171 and 132 pairs of image triplets, respectively). A square ROI of 60×60 pixels was drawn at the same location on each of the 2·3=6 considered simultaneously images. An example of six corresponding ROIs is given in Table 1 .
Texture Parameters Chosen for Evaluation
In total, 155 texture parameters, extracted with 9 methods, were tested (see Table 2 ). They are based on: First Order Statistics (FO), Gradients (GB), CoOccurrence Matrices (COM) [9] , Run Length Matrices (RLM) [10] , Gray Level Difference Matrices (GLDM) [11] , Laws Texture Energy (LTE) [12] , Fractals (FB) [13] , Texture Feature Numbers (TFN) [14] , and Autocorrelation (AC) [15] .
When applying the COM, GLDM, and RLM methods, the number of gray levels was reduced from 256, used initially, to 64. The CO Matrices and the GLD Matrices were constructed separately for 4 standard directions (0 The normalized autocorrelation coefficients (AC) and the two TFN parameters (among 7) were calculated separately for 5 different pixel distances, from 1 to 5. They were included, respectively, in the sets AC 5 , and TFN 15 (with 5 other distance-independent TFN parameters). In the set TFN 7 , the values of 2 parameters calculated separately for the 5 distances were averaged.
The LTE method provided two parameter sets: LTE 14 and LTE 5 . The first one, composed of 14 parameters, was obtained by the application of 24 filtering masks of size 5×5: 4 symmetric, and 10 pairs of asymmetric ones, each pair consisted of a mask and its transposition. The second set was composed of 5 parameters, corresponding to the application of 3×3 masks, 2 symmetric and 3 pairs of asymmetric ones. The sum of elements of each convolution matrix was zero. For each pair of asymmetric masks, the resulting images were added. Images obtained by the application of symmetric masks were multiplied by two. Finally, the entropies of thus obtained images served as the texture parameters.
The FB method is based on the fractional Brownian motion model [16] and considers 4 pixel distances (1, 2, 3, 4) . It provides a set of two parameters: FB 2 .
Effect of Slice Thickness on Parameter Stability
In this experiment, two approaches were applied for the CV calculation: Displace and Size Changing. The coefficient of variation was calculated on the basis of 9 parameter values. In the Displace approach, the ROI was reduced to a 58×58 square in order to take the 9 possible positions inside its initial boundaries. With the Size Changing one, the reduced ROI sizes were going from 60×60 to 52×52.
The experiment was performed separately for 12 texture sets, corresponding to all combinations of: 2 slice thicknesses, 2 tissue classes, 3 acquisition moments. Table 2 . Texture parameters chosen for evaluation. In bold -parameters which later turned out to be stable for both slice thicknesses.
Set
Parameter Names For each parameter, the CV values obtained from the same texture set were averaged. We observed that regardless of the approach, the three corresponding averaged CV values, obtained for three acquisition moments, did not differ significantly. Nor did they differ between 2 tissue classes. The Displace approach almost always produced slightly lower CVs than the Size Changing approach. Table 3 shows the averaged CV values obtained for the two different slice thicknesses. Each value is the maximum one of the 2·2·3=12 values, obtained for each combination of the approaches, classes and acquisition moments. Since the presentation of all the results occupies too much space, we present the results for 16 selected parameters. However, the CVs calculated on all 155 parameters yield the same conclusions as those obtained from the presented subset.
We can conclude, that the parameter stability, expressed by its coefficient of variation, is not considerably influenced by the slice thickness. Regardless of the extraction method, the CVs corresponding to thick and thin slices were similar. None of the thicknesses had proven to ensure better parameter stabilities.
For further experiments we decided to use the most stable parameters, for which the coefficient of variation does not exceed 0.01. The sets of parameters satisfying this condition were nearly identical for the two slice thicknesses. Only 4 parameters turned out relatively stable with only one of the thicknesses: CodeVar (rejected for thin slices, with CV=0.0102), Contrast, DiffVar, and Hom (rejected for thick slices, with CV equal to 0.0144, 0.0195, and 0.1721, respectively). In total, 93 parameters were accepted for both slice thicknesses (see bolded parameters in Table 2 ), and the 62 parameters were rejected.
Effect of Slice Thickness on Classification Accuracy
In this step, we considered the following combinations of slice thicknesses for training and for testing of the classifier: -"T/T": training and testing performed on only thick slices (of 5 mm), -"t/t": training and testing performed on only thin slices (of 1.3 mm), -"T/t": training on only thick slices, testing on only thin slices, -"t/T": training on only thin slices, testing on only thick slices, -"mix": both thick and thin slices in a training and a testing set.
For each combination, the whole set of 303 pairs of image triplets (thick and thin version) was randomly divided into two subsets: a training set (202 pairs) and a testing set (101 pairs). For each subset, the original proportion between tissue classes was preserved. The experiment was repeated 10 times. Table 4 presents the classification results obtained for the 5 combinations of slice thicknesses used for training and testing. Only the most efficient stable parameter sets are taken into account. Classification was performed with the Weka software [17] , using Ensemble of Classifiers with adaptive boosting voting scheme [18] (AdaBoostM1 ) and a C4.5 tree [19] as the underlying algorithm.
We can observe that using the same slice thickness, both for training and for testing the classifier, results in a quite high classification accuracy. The best results are more frequent for thick slice thicknesses ("T/T" possibility). In this case, the maximal classification accuracy (86.73%) is obtained for the parameter sets COM 55 and RLM 8 . Just below the best results are those obtained when only thin slices are considered ("t/t"): 85.15% with the RLM 8 set. Slightly inferior results are observed when both slice thicknesses are considered for training and for testing ("mix"). The best of them is 78.72%, with the set COM 55 . Unsatisfactory results are obtained when the slice thicknesses used for training and testing are different. Most of them do not exceed 60%. The best results for "T/t" and "t/T" combinations are: 64.16% and 58.82%, respectively.
We can conclude that, one should be careful using the system to aid the diagnosis, basing on images of a slice thickness different from those used for training. However, we suppose that, in this case, the use of the texture parameters independent of the slice thickness could improve the system performance. The search for such parameters will be the subject of our next experiment.
Effect of Slice Thickness on Parameter Values
In this experiment, we considered only those parameters that have been found to be stable for both slice thicknesses: 5 mm and 1.3 mm (see bolded parameters in Table 2 ). The parameter dependency from the slice thickness was expressed by the coefficient of variation of its two values, obtained from two corresponding ROIs (drawn on the images of a 5 mm and of a 1.3 mm slice thickness).
In total, 303 pairs of images were considered for each of 3 acquisition moments. For each parameter, the 3·303 values of the coefficient of variation were averaged. The ranking of parameters, according to the average coefficient of variation, was performed. Parameters with the lowest average coefficient are considered as least dependent on slice thickness. Table 5 presents the ranking of the first 40 parameters which are least dependent on the slice thickness.
Since we do not know how many parameters are acceptable and sufficient for the best possible tissue recognition, when different slice thicknesses are considered, we will test several sets of the first parameters from the ranking.
Classification of Textures Characterized by Parameters the Least Dependent on Slice Thickness
In our final experiment, 7 parameter sets were tested: First-8, First-13, First-16, First-23, First-30, and First-39. They were composed, respectively, of the first 8, 13, 16, 23, 30, and 39 parameters from the ranking presented in Table 5 . Table 6 presents the classification accuracy obtained for those 7 sets by Ensemble of Classifiers (with the same settings as in the previous classification experiment). We can conclude that the classification accuracy, obtained for the 5 considered combinations of slice thicknesses are similar only when the First-8 parameter set is used. This set provides the classification accuracy ranging from 84.06%, for the "t/T" combination, to 87.13%, for the "mix" one. We can also notice that the application of the First-8 set guaranties the best classification results for the combinations, for which the slice thickness used for testing is different from Table 6 . Classification accuracy obtained by Ensemble of Classifiers for 5 combinations of slice thicknesses, used for training and testing. Each line corresponds to a different set of stable texture parameters, the least dependent of the slice thickness. that used for training (85.35% for "T/t" and 84.06% for "t/T"). For the first of these combinations, the best result is now 21.39% better than the best one obtained in the previous classification experiment, which did not consider the slice thickness-independent parameters (see Tab. 4). For the second one -the best classification accuracy augmented of 25.24%. Nevertheless, this accuracy still remain of about 6%-8% worse than the best results obtained now for the one-thickness cases ("T/T", "t/t").
Set
T/T t/t T/t t/T mix
In general, for the combinations "T/t" and "t/T", the more numerous is the set of parameters, the worse is the classification accuracy. Contrarily, for the one-thickness cases, the classification is generally better for more numerous sets.
With the "mix" combination, the application of the First-8 set leads to obtaining quite good classification accuracy, but not the best. In this case, increasing the number of parameters first results in lowering the classification accuracy (82.58% for the First-13 parameter set), then leads to its successive increase. Finally, the best classification result, for "mix" case (88.32%) is obtained by the most numerous parameter set, First-39, and is 9.60% better than the best accuracy observed, for "mix" case, in the previous classification experiment.
Conclusions and Future Work
The experiments allowed us to: (i) analyze the influence of the slice thickness on parameter stability, (ii) assess the parameter dependency on slice thickness, (iii) find parameters which are the least dependent on slice thickness, (iv ) evaluate the classification accuracy obtained by parameters which are less and more dependent on slice thickness, when different slice thicknesses were simultaneously considered. Several conclusions can be formulated to sum up our study.
First, the parameter stability does not considerably depend on slice thickness. The sets of parameters recognized as stable were nearly identical for the two slice thicknesses. Second, one should be particularly careful when applying a CAD system, when recognized images are of the slice thickness different from the one used for the system training. With quite popular parameters, obtained by the COM or RLM methods, a satisfactory tissue recognition is not possible. In this case, it would be safer to use the slice thickness-independent parameters.
In the future, we plane to perform the experiments with more slice thicknesses. Due to the fact that acquiring the series of images of many different slice thicknesses is practically impossible within a single patient study, we plane to use a phantom. It will enable to assess not only the effect of the slice thickness in the texture-based classification, but also the effect of several other parameters, like image resolution, or the time elapsed from the contrast product injection.
